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Abstract
Automated segmentation is a useful method for studying large brain structures such as the
cerebellum and brainstem. However, automated segmentation may lead to inaccuracy and/
or undesirable boundary. The goal of the present study was to investigate whether SegA-
dapter, a machine learning-based method, is useful for automatically correcting large seg-
mentation errors and disagreement in anatomical definition. We further assessed the
robustness of the method in handling size of training set, differences in head coil usage,
and amount of brain atrophy. High resolution T1-weighted images were acquired from 30
healthy controls scanned with either an 8-channel or 32-channel head coil. Ten patients,
who suffered from brain atrophy because of fragile X-associated tremor/ataxia syndrome,
were scanned using the 32-channel head coil. The initial segmentations of the cerebellum
and brainstem were generated automatically using Freesurfer. Subsequently, Freesurfer’s
segmentations were both manually corrected to serve as the gold standard and automati-
cally corrected by SegAdapter. Using only 5 scans in the training set, spatial overlap with
manual segmentation in Dice coefficient improved significantly from 0.956 (for Freesurfer
segmentation) to 0.978 (for SegAdapter-corrected segmentation) for the cerebellum and
from 0.821 to 0.954 for the brainstem. Reducing the training set size to 2 scans only
decreased the Dice coefficient0.002 for the cerebellum and 0.005 for the brainstem
compared to the use of training set size of 5 scans in corrective learning. The method was
also robust in handling differences between the training set and the test set in head coil
usage and the amount of brain atrophy, which reduced spatial overlap only by <0.01. These
results suggest that the combination of automated segmentation and corrective learning
provides a valuable method for accurate and efficient segmentation of the cerebellum and
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brainstem, particularly in large-scale neuroimaging studies, and potentially for segmenting
other neural regions as well.
Introduction
The human brain contains three major components that are heavily interconnected: the cere-
brum, cerebellum and brainstem. The cerebrum has long been considered as the primary site
for cognition while the cerebellum has been implicated in movement coordination; however,
the recent paradigm shift for recognizing the importance of large-scale distributed brain net-
works for brain function and dysfunction [1] ignites interest in investigating the role of the
cerebellum in cognition [2]. The involvement of the cerebellum in cognitive and emotional
processing is supported by the identical cytoarchitecture across cerebellar cortex and reciprocal
and functionally segregated connections with almost all areas of the neocortex. These two
unique anatomical features of the cerebellum suggest its uniformity and modularity in infor-
mation processing for various brain functions [3–5]. Additional support for this claim comes
from phylogeny, functional neuroimaging, and lesion studies. Specifically, phylogenetic studies
showed the expansion of the cerebellum with the frontal lobe in primates [2,6]. Functional neu-
roimaging studies revealed the co-activation of the cerebellum with the prefrontal and parietal
lobes independent of motor activity in a variety of cognitive tasks [7–9]. Finally, lesion studies
displayed the range of cognitive and sensorimotor problems experienced by patients of cerebel-
lar cognitive affective syndrome due to cerebellar lesions [10,11]. In spite of the general agree-
ment of the cerebellum’s involvement in cognition, more work needs to be done to unravel the
mechanisms underlying this involvement [2].
The brainstem connects the cerebrum and cerebellum and carries information between
these two structures and the spinal cord. In addition to functioning as a conduit, the brainstem
contains various nuclei that serve cranial nerve functions and integrative functions for vital
physiological processes including respiration, heartbeat, circulation, arousal and movement
[12,13]. Some brainstem nuclei are also sources of monoamine neurotransmitters (norepi-
nephrine, dopamine, and serotonin). These nuclei form extensive closed-loop circuits with var-
ious cortical areas, regulating and even initiating movement and cognitive processing [12,14].
Dysregulated neuromodulatory systems have been implicated in major psychiatric disorders
such as schizophrenia, depression and anxiety disorders and neurodegenerative disorders such
as Parkinson’s disease and Alzheimer’s disease [12,14]. Consistent with its wide cortical and
subcortical projections and range of functions that it serves, brainstem injury often results in
motor deficit and long-lasting cognitive impairment [15–17].
In light of recent recognition of the involvement of the cerebellum and brainstem in a
diverse set of functions, studying these structures is critical for our understanding of neural
substrates for motor, cognitive and affective processing and the effect of changes in these two
structures from development, aging, and various psychiatric and neurological disorders [18–
20]. Brain structure segmentation is an important method in neuroimaging analyses, which
not only produces volumetric data for analyzing structural changes in various conditions, but
also allows for visualization of the anatomic structures and subsequent functional or structural
neuroimaging analyses, e.g. diffusion tensor imaging. Segmentations of the cerebellum and
brainstem can be performed manually, automatically by a computer program, or semi-auto-
matically combining both manual and automatic procedures [21].
Segmentation of the Cerebellum and Brainstem
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Manual tracing has often served as the gold standard because this method can produce
highly accurate results depending on the rater’s expertise. It is flexible and can accommodate
variations in anatomical definitions; however, manual tracing is time consuming and challeng-
ing especially for a big structure, such as the cerebellum with thin folia, or for processing a
large dataset [22,23]. Manual tracing also requires extensive rater training and may result in
inconsistency because of intra- and inter-rater variability.
To improve efficiency, accuracy and consistency, various automated methods have been
developed for segmenting the cerebellum and brainstem [21,24]. Some of these methods are
free and publicly available, including probabilistic atlas-based FreeSurfer [25], ANTs/Atropos
[26], and SPM/SUIT [27], multi-atlas based MAGeT [28], multi-atlas with joint label fusion
[29] and surfaced-based shape and appearance modelling—FSL/FIRST [30]. Two of the meth-
ods [27,28] are specifically created for segmenting the cerebellum in lobules. Automated seg-
mentation has the advantage of producing consistent results with little human intervention
and is particularly desirable for segmenting multiple structures or dealing with large datasets.
Automatic segmentation heavily relies on one or more the following features: location, shape,
and MRI signal intensity of the structure and the surrounding areas. It often requires the
propagation of segmentation labels from one or more template images to a new set of images
[21,24]. The drawback of this method is the lack of flexibility for accommodating differences in
anatomical definitions or in features for segmentation due to pathological conditions [21,24].
Recently, a machine-learning based method, SegAdapter, has been created for improving
the accuracy and flexibility of automated segmentation by correcting consistent errors that fre-
quently occur during automated segmentation [31,32]. This post-processing segmentation
method implements AdaBoost, a machine-learning algorithm [33], to learn spatial, intensity
and contextual patterns of segmentation errors in automated segmentation and applies the
learning to correct errors in new images effectively. The goal of the current study was to apply
the corrective learning on cerebellum and brainstem segmentations generated by FreeSurfer.
FreeSurfer is a popular neuroimaging tool for automated atlas-based segmentation of subcorti-
cal structures [25] as well as cortical surface reconstruction, parcellation (also atlas-based), and
inflation [34–37]. However, its segmentation of the brainstem is incomplete, omitting impor-
tant structures including the substantia nigra in the midbrain. The segmentation also contains
other errors that have been previously reported [38,39]. We tested whether SegAdapter was
useful for correcting segmentation errors from FreeSurfer and whether the results were affected
by size of the training set, differences between the training set and the testing set, such as head
coil used during scan acquisition, and amount of brain atrophy. We found significant improve-
ment in segmentation of both the cerebellum and brainstem and robustness of the corrective
learning across different conditions.
This study is a part of two ongoing research projects on the fragile X premutation. The frag-
ile X mental retardation 1 (FMR1) gene encodes fragile X mental retardation protein (FMRP),
which is important for synaptic development and plasticity [40]. The gene contains a CGG
repeat element in its non-coding region, with a dynamic repeat size affecting gene and protein
expressions and causing different types of brain disorders. Normal alleles typically contain
5–44 CGG repeats. While CGG expansion to the full mutation range (>200 repeats) leads to
the developmental disorder, fragile X syndrome [41], CGG expansion to the premutation
range (55–200 repeats) causes a late-onset neurodegenerative disorder, Fragile X-Associated
Tremor/Ataxia Syndrome (FXTAS), which typically affects older (>50 years) premutation car-
riers [42,43]. The principal features of FXTAS include intention tremor, cerebellar ataxia, Par-
kinsonism, autonomic dysfunction and cognitive impairment. Both neuropathological and
neuroimaging studies have revealed severe damage of the cerebellum and brainstem in FXTAS
Segmentation of the Cerebellum and Brainstem
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[44–50]. Thus, the inclusion of patients with FXTAS allowed us to examine the effectiveness of
our proposed method in a condition which causes cerebellum and brainstem atrophy.
Materials and Methods
Research participants and imaging
The two research projects associated with this study have been approved by the Institutional
Review Board (IRB) at University of California Davis. Written informed consent has been
acquired from all research participants according to the consent procedures approved by the
IRB at University of California Davis. High-resolution T1-weighted images were acquired on a
Siemens Trio 3T MRI scanner (Siemens Medical Solutions, Erlangen, Germany). We randomly
selected 40 male participants of which 10 younger (age 18–42 years) healthy participants carry-
ing normal FMR1 alleles were scanned using an 8-channel head coil while the remaining 30
participants were scanned using a 32-channel head coil. These 30 participants were 10 younger
(age 21–42 years) and 10 older healthy controls (age 56–82 years) carrying normal FMR1
alleles, and 10 older FMR1 premutation carriers (age 64–77 years) who have been diagnosed
with FXTAS. See Table 1 for participants’ demographic and scanning information. High-reso-
lution T1-weighted 3D magnetization prepared rapid gradient echo (MPRAGE) images were
obtained in 192 sagittal slices of 1 mm thickness (no gap) with FOV 256 mm, 256 × 256 matrix,
TR of 2,170 ms, TE of 4.82 ms, and 7° flip angle. The imaging protocols were the same for
scans acquired with 8- and 32-channel head coil, although the scanner went through a major
hardware and software upgrade in late 2009 followed by the switch of the head coil from
8-channel to 32 channel in early 2010. All 10 younger participants who were scanned using the
8-channel head coil were scanned before the scanner upgrade.
Segmentation generation
The raw dicom files of the MPRAGE images were inspected and transformed to axial slices in
ANALYZE format using DTI Studio (http://cmrm.med.jhmi.edu/) and then processed in Free-
Surfer (http://freesurfer.net/), which contains a set of software tools for performing structural
and functional neuroimaging analyses. To conduct the cerebellum and brainstem segmenta-
tions, the complete surface-based process was run automatically, using the default parameters.
The steps included affine Talairach registration, B1 bias field estimation followed by normali-
zation of MRI signal intensity, skull-stripping using a deformable template model, gray and
white matter segmentation based on intensity and neighbor constraints, generation of the
white matter and gray matter surfaces, and cortical and subcortical labeling using probabilistic
atlas-based segmentation [34–37]. After the surface-based process was completed, we inspected
the results to correct major morphological errors. One common error we encountered was the
exclusion of brain tissues or inclusion of non-brain tissues during the skull strip step. We fixed
the error by either modifying the brain mask or adjusting the watershed parameters for skull
stripping, followed by regeneration of the white matter and gray matter surfaces and labels.
The FreeSurfer segmentations of the cerebellum and brainstem was manually corrected for
errors and modified according to classic anatomic definitions [12], recently published methods
[23,38], and online resources showing segmentations in sagittal view (Laboratory of Neuro
Imaging, LONI, University of Southern California, USA, http://resource.loni.usc.edu/
resources/downloads/research-protocols/masking-regions/brainstem/) and all three views
(IMAIOS SAS, France, https://www.imaios.com/en/e-Anatomy/Head-and-Neck/Brain-MRI-
3D). The outlines of the two structures were modified in all three views to maintain smooth-
ness. The modification was performed on aseg.mgz maps using tkmedit, a software tool pro-
vided by FreeSurfer for inspecting and editing images in FreeSurfer internal format, mgz.
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To reduce the amount of training, we employed two groups of raters, the junior and expert
raters, for segmentation correction. The junior raters corrected obvious errors that required
minimum training including dura and surrounding tissues mislabeled as cerebellum, missing
cerebellar and brainstem voxels, and brainstem voxels mislabeled as cerebellum in the mid-
brain and medullar oblongata where clear boundaries exist. The expert raters completed all
required corrections, including the interface between the cerebellum and brainstem that
showed similar signal intensity as well as the top portion of the brainstem that needed to be
extended to include the substantia nigra. The strategy was to combine shape knowledge with
subtle contrast in signal intensities in some of the slices to estimate the interface. This was per-
formed on selective slices from all 3 views. The result was partially relabeled cerebellum and
brainstem on slices where the complete interface could be determined by interpolation. After
relabeling on all slices, the interface was further corrected in all three views to maintain the
shape and smoothness for both structures. To maintain consistency amongst the expert raters,
the final segmentations in all scans was checked by a single expert rater, J.Y.W.
Segmentation correction
We supplied three sets of images to the corrective learning tool, SegAdapter (http://www.nitrc.
org/projects/segadapter/): (1) segmentation from the automated FreeSurfer process, (2) manu-
ally edited segmentation and (3) MPRAGE scans, with signal intensity squared to improve con-
trast. To generate the segmentation masks, the labels of the cerebellum and brainstem in the
initial and edited aseg.mgz files were resampled into the original MPRAGE space using the
command, mri_label2vol. Next, the cerebellar hemisphere and white matter labels were merged
due to substantial errors observed in segmenting these two types of tissues in many scans. The
merge was performed using the command, fslmaths, from FSL (http://fsl.fmrib.ox.ac.uk/fsl/
fslwiki/), another well-known, publicly available tool set for analyzing functional and structural
images. The left and right cerebellar labels were also merged using the same command,
fslmaths, followed by combining the cerebellum and brainstem labels (with different values)
into a single mask for corrective learning. The motion-corrected and intensity-normalized T1.
mgz scans from FreeSurfer were supplied as feature files for providing patterns of signal inten-
sities of the labels. These scans were transformed into the original MPRAGE space using mri_-
convert and signal intensity squared using fslmaths.
Separate corrective learning in SegAdapter needed to be performed for each of the labels
and background using three parameters: dilation radius for each label’s working ROI; feature
patch size applied to the MPRAGE images; and sampling rate—the rate of voxels in the work-
ing ROI to be included for learning [32]. The working ROI was generated by 3D voxel dilation
from the Freesurfer-generated segmentation which should cover majority of the voxels
assigned labels by manual segmentation. Voxels in the working ROI were evaluated and misla-
beled voxels were identified as targets for corrective learning. For each label and the back-
ground, corrective learning was then performed to distinguish between the following two
classes of mislabeled voxels: (1) voxels assigned the corresponding label or background; and (2)
Table 1. The participants’ demographic andMRI scan acquisition information.
N Age (Years) Age Range (Years) FMR1 Allele Head Coil Scan Year
10 29.1 ± 8.7 18–42 Normal 8 channel 2008–2009
10 31.1 ± 8.2 21–42 Normal 32 channel 2010–2012
10 70.3 ± 7.3 56–82 Normal 32 channel 2010–2013
10 67.9 ± 5.6 64–77 FX Premutation 32 channel 2010–2013
doi:10.1371/journal.pone.0156123.t001
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voxels assigned labels other than the corresponding label or background by the manual seg-
mentation. For each target voxel in the working ROI, a feature patch was generated by voxel
dilation according to user-supplied feature patch size. The corrective learning was then per-
formed by utilizing the following three features of all voxels in the feature patch: signal inten-
sity, segmentation label generated by the automated segmentation, and coordinates. The best
features for classification were selected and combined into a single strong classifier for each
label. Since the corrective learning is a memory intensive computing process affected by all of
the three parameters (i.e. dilution radius, feature patch size, and sampling rate) plus the size of
the training set, we tested various combinations of the parameters and selected feasible values
before the actual learning. The number of iterations was set to 500. During testing, the three
classifiers, corresponding to the two labels and background, assigned new labels to voxels in
the working ROI, and the labels with the strongest responses were selected as the final labels
[31,32].
To evaluate the performance of the corrective learning, we performed 10 cross-validation
experiments. We randomly selected (2 or 5) scans to be included in the training set and the
remaining scans (8 or 5) became the testing set. We applied the corrective learning to scans in
the testing set by supplying the automated segmentation and the MPRAGE scans with squared
signal intensity. Visualization and 3D reconstruction of the cerebellum and brainstem segmen-
tation were performed in online free software, ITK-SNAP (http://www.itksnap.org/) [51]. The
volumes of segmented cerebellum and brainstem, and the volume overlap between SegAdpater
corrected and manually corrected segmentation were calculated using fslstats command from
FSL. Voxel-wise spatial Dice overlap was calculated as 2|A\B| / (|A|+|B|), which measures simi-
larity between two segmentations with value ranging from 0 (no spatial overlap between two
segmentations) to 1 (100% overlap). The corrective learning was conducted on an Intel(R)
Xeon(R) E5-2640 v2 computer with 32 processing units at CPU of 2.0 GHz and memory of
132 GB.
Statistical analysis
We performed paired t-tests for comparing the effectiveness of corrective learning in differ-
ent conditions using the open-source statistical package R (http://www.r-project.org/). For
testing intra-rater reliability, we randomly selected 8 scans and manually corrected FreeSur-
fer segmentation errors twice. Intra-class correlation coefficient (ICC) for absolute agreement
in volumes was performed using the “psych” package for R (http://cran.r-project.org/web/
packages/psych/).
Results
Segmentation
Manual correction of segmentation error in the cerebellum and brainstem took about 2–4
hours to complete for each brain. Fig 1 shows samples of the original segmentation from Free-
Surfer (Fig 1a and 1c) and manually corrected segmentation (Fig 1b and 1d) for a young
healthy control (Fig 1a and 1b) and a FXTAS patient with brain atrophy (Fig 1c and 1d). Intra-
rater reliability for error correction measured using ICC (for absolute agreement) was excellent,
1.00 (95% confidence interval, CI, [0.93,1.00]) for cerebellar volume and 0.99 (95% CI [0.99,
1.00]) for brainstem volume. The Dice coefficients were 0.984 ± 0.003 for cerebellum and
0.977 ± 0.003 for brainstem.
For corrective learning, the values of four parameters need to be chosen: dilation radius of
the working ROI, feature patch size for MPRAGE, sampling rate and training set size. We
found that the optimal dilation radius was 6 voxels for both the cerebellum and brainstem.
Segmentation of the Cerebellum and Brainstem
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Increase in the dilation radius beyond 6 voxels created a ring around the brainstem. Conse-
quently, we set the feature patch size to 6×6×6 voxels. Due to the memory constraints during
corrective learning, only 2 scans were allowed in the training set at 10% sampling rate for the
cerebellum and background labels. At 5% sampling rate, corrective learning was conducted
successfully with 5 scans in the training set. Consequently, we compared corrective learning
between 2 and 5 scans in the training set at 10% and 5% sampling rate, respectively, for the cer-
ebellum and background labels, and at 20% and 10%, respectively, for the brainstem label. In
both settings, the training took about 8–10 hours for one set of scans while learning took only a
few minutes for each scan. Fig 2 displays the axial slices of the segmentation from FreeSurfer
(Fig 2a), corrective learning using a 5-scan training set on one of the scans from the test set
(Fig 2b), and manual correction (Fig 2c). The improvement in corrective learning generated
segmentation over FreeSurfer segmentation was visually observable for both structures.
The residual consistent errors after corrective learning were missing voxels at the top of the
Fig 1. A sample of segmented cerebellum and brainstem. The left column shows the 3D-reconstructed
structures while the middle column show a sagittal view and the right column shows an axial view. (a) The
original segmentation from FreeSurfer automated process for a healthy control; (b) the corresponding
manually corrected segmentation; (c) the FreeSurfer segmentation for a patient with neurodegeneration; and
(d) the corresponding manually correction segmentation. Note the top of the brainstem is filled in after manual
correction as well as the correction of the cerebellar-brainstem interface and removal of non-brain tissue from
cerebellar labelling. Red, cerebellum; lime, brainstem.
doi:10.1371/journal.pone.0156123.g001
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brainstem and brainstem voxels mislabeled as cerebellum at the interface between the cerebel-
lum and brainstem in the pons.
Corrective learning using training set of 2 and 5 scans
Fig 3 shows the Dice coefficients of FreeSurfer automated process and segmentation after cor-
rective learning of the test sets using the manual correction as the gold standard. For the 4
experimental groups, the Dice coefficients of FreeSurfer segmentation with manual correction
were 0.952–0.959 (SD 0.008–0.012) for the cerebellum and 0.809–0.832 (SD 0.007–0.013) for
Fig 2. Cerebellum and brainstem segmentation in an axial view. (a) Segmentation from FreeSurfer
automated process; (b) segmentation after corrective learning on a test scan using a training set of 5 scans;
(c) manually edited segmentation. Red, cerebellum; lime, brainstem.
doi:10.1371/journal.pone.0156123.g002
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the brainstem. After corrective learning, Dice coefficient of the test sets was significantly
improved in all four groups (t = 8.8–69, df = 9, p-value<0.001), increased to 0.976–0.982 (SD
0.005–0.008) for the cerebellum and 0.951–0.957 (SD 0.003–0.012) for the brainstem when
using the training set of 5 scans (Fig 3). Using the training set of 2 scans showed a small decline
in Dice overlap in the test set from the use of the training set of 5 scans, which were 0.974–
0.980 (SD 0.005–0.007) for cerebellum and 0.946–0.954 (SD 0.004–0.009) for brainstem.
We also compared the accuracy of volume measurements from FreeSurfer segmentation
and SegAdapter corrected segmentation in the test set using the manually corrected segmenta-
tion as the gold standard. While the FreeSurfer segmentation showed ~5% higher cerebellar
volume and ~25% lower brainstem volume compared to manually corrected volumes for the
four groups, the volume differences were reduced to ~1% higher for cerebellum and ~3% lower
for brainstem after the corrective learning (Table 2). Consistently, paired t-tests revealed no
statistical differences in volumes between corrective learning and manual correction in the cer-
ebellum (t = 1.1–1.7, df = 9, ns); however, significant differences were found in the brainstem
(t = 3.2–4.7, df = 9, p = 0.001–0.010). Combining the 3 groups, ICC (for absolute agreement)
was 0.99 (95% CI [0.98, 1.00]) between cerebellar volumes obtained from manual editing and
corrective learning, and was 0.95 (95% CI [0.52, 0.98]) between brainstem volumes obtained
Fig 3. Dice coefficient for cerebellar and brainstem segmentations of the test scans against manual
correction. The data shown in the graphs are from FreeSurfer automated process (auto), corrective learning
using a training set of 2 scans (set 2) and corrective learning using a training set of 5 scans (set 5). There are
four groups of participants: Y8, the younger healthy control group scanned using an 8 channel head coil; Y32,
the younger healthy control group scanned using a 32 channel head coil; OC, the older healthy control group
scanned using a 32 channel head coil; and OP, the older patient group with neurodegeneration scanned
using a 32 channel head coil. Error bars indicate ±1 standard deviation.
doi:10.1371/journal.pone.0156123.g003
Table 2. Cerebellum and brainstem volume (ml) calculated after FreeSurfer automated process, manual correction and corrective learning in the
test set using training set of 2 and 5 scans.
FreeSurfer Manual Correction Training Set of 2 Scans Training Set of 5 Scans
Cerebellum
Younger controls, 8 channel 140 ± 13* 132 ± 12 133 ± 12 133 ± 12
Younger controls, 32 channel 150 ± 17* 144 ± 16 145 ± 17 145 ± 17
Older controls, 32 channel 130 ± 12* 124 ± 10 125 ± 10 125 ± 10
Older patients, 32 channel 115 ± 16* 110 ± 15 112 ± 15 111 ± 15
Brainstem
Younger controls, 8 channel 22.8 ± 2.0* 31.1 ± 2.6 30.1 ± 2.3* 30.2 ± 2.3*
Younger controls, 32 channel 26.1 ± 4.0* 34.5 ± 5.3 33.2 ± 4.4* 33.2 ± 4.4*
Older controls, 32 channel 23.5 ± 1.9* 31.7 ± 2.4 30.6 ± 2.2* 30.8 ± 2.3*
Older patients, 32 channel 20.7 ± 2.6* 27.2 ± 3.6 26.4 ± 3.2* 26.4 ± 3.2*
*, significant at FDR 5% compared with manual correction, p  0.010.
doi:10.1371/journal.pone.0156123.t002
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using these two methods. In contrast, ICC was 0.94 (95% CI [0.045, 0.99]) for cerebellar vol-
umes and 0.31 (95% CI [-0.015, 0.70]) for brainstem volumes between Freesurfer and manual
segmentations.
The effect of head coil, aging, and neurodegenerative process
We further examined the effect of head coil used during image acquisition and brain atrophy
caused by aging or the involvement of neurodegenerative process on corrective learning. We
applied corrective learning to scans from a different group. For instance, to test the effect of
head coil, we applied corrective learning generated from the younger 8-channel head coil group
to the scans of the younger 32-channel group and vice versa. Fig 4 exhibits the group average
and standard deviation of Dice coefficients in each condition. All conditions had trivial effect on
corrective learning, which reduced<0.01 Dice coefficient between corrective learning and man-
ual correction. We subsequently performed paired t-test to assess statistical significance of the
reduction in Dice coefficient. The results indicated sensitivity of the older control group to the
applications of corrective learning from both the younger control group and the FXTAS patient
group. Only the older control group showed significant effect of age for cerebellar segmentation
(t = 8.5, df = 9, p< 0.001) as well as significant effect of age (t = 2.95, df = 9, p = 0.016) and
amount of brain atrophy (t = 3.16, df = 9, p = 0.012) for brainstem segmentation.
Discussion
Brain structure segmentation is an important neuroimaging method and various methods and
tools have been proposed for reliable and accurate segmentation of brain areas [24,52,53].
Fig 4. Dice coefficient for testing the effect of head coil used during scan acquisition and brain
atrophy due to aging or neurodegenerative process on segmentation correction on (a) cerebellar
segmentation and (b) brainstem segmentation. The columns of paired bar graphs, from left to right, show
the effect on Dice coefficient due head coil differences, aging, and neurodegenerative process, respectively.
Y8 refers to the younger healthy control group scanned using an 8 channel head coil. Y32 refers to the
younger healthy control group scanned using a 32 channel head coil.OC refers to the older healthy control
group scanned using a 32 channel head coil.OP refers to the older patient group with neurodegeneration
scanned using a 32 channel head coil. Error bars indicate ±1 standard deviation. “Same” indicates that the
training set and the testing set contained scans from the same group; and “diff.” indicated that the training set
contained scans from a comparison group of the testing set.
doi:10.1371/journal.pone.0156123.g004
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SegAdapter is a unique tool that does not perform segmentation by itself, as do most of the
other methods, but rather it corrects consistent errors that frequently occur in automated seg-
mentation. In the current study, we evaluated the tool’s utility in correcting segmentation
errors from FreeSurfer as well as discrepancies in the boundary definitions for the cerebellum
and brainstem. We discovered the excellent performance of the tool for correcting the errone-
ous inclusion of dura and surrounding tissues in cerebellar labeling and for extending the
brainstem boundary to include the substantia nigra. Both corrections required the evaluation
of much more extensive areas (dilation radius of 6 voxels) contrasting to its previous applica-
tions typically involving only a few voxels around the segmentation of the hippocampus, brain,
or brain tissues (i.e. the gray matter and the white matter) [31,32]. Using only 5 scans in the
training set, the Dice coefficient against manual segmentation ranged 0.976–0.982 for the cere-
bellum and 0.951–0.957 for the brainstem in our four groups of participants (younger and
older healthy participants and older participants with brain atrophy because of aging or neuro-
degenerative process). The Dice coefficient improved 0.019–0.024 over FreeSurfer segmenta-
tion for the cerebellum and 0.124–0.142 for the brainstem. Using 2 scans in the training set
(with increased sampling rate) resulted in minor reductions in Dice coefficient, which were
0.002 for the cerebellum and0.005 for the brainstem. The bias in the volumes generated by
FreeSurfer also reduced substantially from 5% to 1% higher for the cerebellum and 25% to 3%
lower for the brainstem.
Our results demonstrate the utility of SegAdapter in correcting segmentation errors from
FreeSurfer in the cerebellum and brainstem and indicate its potential usage in other segmenta-
tion tasks. SegAdapter has been applied to improve segmentations of the hippocampus and
amygdala, as well as brain extraction, brain tissue segmentation and whole brain segmentation
[31,32,54–57]. FreeSurfer, a popular neuroimaging tool, is commonly used for surface-based
cortical reconstruction and subcortical segmentation; however, its performance and anatomical
definitions may not be ideal [31,58–60]. The corrective learning method can be easily
appended to the existing FreeSurfer pipeline (or other tools) by performing manual editing of
FreeSurfer segmentation in a small portion of the scans, followed by applying changes to the
remaining scans through corrective learning. Residual errors can be further corrected manually
if necessary, which requires much less training and effort compared to manual segmentation
from scratch or from FreeSurfer segmentation.
The combination of applying automated segmentation and corrective learning is particu-
larly beneficial for large scale neuroimaging studies where a large quantity of scans is acquired
across different populations. Our study showed the robustness of the method in scans acquired
using different head coils and in participants with brain atrophy because of aging or neurode-
generative process. Using scans acquired with different head coils or from different populations
for the training set only reduced Dice coefficient< 0.01 for the two structures compared to
when the training set contained the scans acquired with the same head coil and from the same
population. Although the older control group showed statistically significant reductions in
Dice coefficient, the amount of reduction (< 0.01 in Dice coefficient) was trivial.
Our method of applying corrective learning to FreeSurfer segmentations of the cerebellum
and brainstem produced results (Dice coefficient 0.976–0.982 for the cerebellum and 0.951–
0.957 for the brainstem) that were among the best of the reported Dice coefficients for auto-
mated segmentation against manual segmentation. The prior reported Dice coefficients in the
literature have ranged from 0.850 to 0.983 for the cerebellum and 0.830 to 0.952 for the brain-
stem [25,26,28,30,32,39,53,61–64]. The best performance reported so far (i.e. 0.983 for the cere-
bellum and 0.952 for the brainstem) came from atlas-based Atropos [26], which employed
expectation maximization algorithm to solve Bayesian modelling of brain segmentation prob-
lems. However, both our manual segmentation, which served as the ground truth, and the
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automatic correction were based on Freesurfer’s output. Many of the cerebellar and brainstem
labels were not edited, which would produce 100% overlap with automatic correction. Thus,
using Dice coefficient to measure the performance of our method may bias towards better per-
formance compared to methods where manual segmentation was generated completely inde-
pendently from automatic segmentation. Future studies should investigate whether applying
corrective learning on other automated tools further improves performance. In addition,
Avants el al., 2011 reported the benefit of using N4ITK [65] to correct MRI intensity variation
before segmentation. Although FreeSurfer has its own procedure to correct bias field, our
unpublished data showed superior brain tissue segmentation in FSL using N4ITK corrected
versus FreeSurfer corrected scans. Thus supplying N4ITK-corrected scans to FreeSurfer pipe-
line may provide additional benefits. More work can also be conducted to evaluate the utility of
corrective learning on segmenting the cerebellum in lobules as well as the brainstem in major
subdivisions available in the future releases of FreeSurfer [52]. Freesurfer generated and manu-
ally corrected cerebellum and brainstem masks, along with the corresponding MPRAGE scans
of 20 healthy controls are freely available at https://github.com/jyiwang/segMethod2016.
Conclusions
We demonstrated significant improvement in segmentation accuracy relative to manual cor-
rection by applying machine-based corrective learning to automatically generated segmenta-
tions of the cerebellum and brainstem. The combination of automated segmentation and
corrective learning produced one of the best results amongst the published data. Our study
extended the utility of corrective learning from fixing segmentation errors typically only a few
voxels around the boundary to large segmentation errors up to 6 voxels away from the bound-
ary. The method is robust against differences in head coil use during image acquisition and to
brain atrophy due to aging or neurodegenerative process, and could be widely applicable to
improvement of accuracy and amendment of disagreement in segmentation protocols in brain
structures other than the cerebellum and brainstem.
Acknowledgments
We are grateful to the research participants and their families; to Vivien Narcissa, Cindy John-
ston, and Floridette Abucayan for participant recruitment; to John Wang and Patrick Adams
for image and data collection; Jihyun Park, Bhavana Rai, and Riley Swift for performing seg-
mentation; Emilio Ferrer for statistical support; and Emily Halket for manuscript review. This
project was supported by PhRMA Foundation Fellowship (to J.Y.W.), NIH grants MH078041
(to D.H. and S.M.R) and HD036071 (to R.J.H.). R.J.H. has received funding from Novartis,
Roche Pharmaceuticals, Alcobra and Seaside Therapeutics to carry out treatment studies in
fragile X syndrome. She has also consulted with Roche, Genentech and Novartis regarding
treatment studies in fragile X syndrome.
Author Contributions
Conceived and designed the experiments: JYW SMR. Performed the experiments: JYWMN.
Analyzed the data: JYW. Contributed reagents/materials/analysis tools: DH RJH SMR. Wrote
the paper: JYWMN.
References
1. Menon V. Large-scale brain networks and psychopathology: a unifying triple network model. Trends
Cogn Sci. 2011; 15:483–506. doi: 10.1016/j.tics.2011.08.003 PMID: 21908230
Segmentation of the Cerebellum and Brainstem
PLOSONE | DOI:10.1371/journal.pone.0156123 May 23, 2016 12 / 15
2. Koziol LF, Budding D, Andreasen N, D'Arrigo S, Bulgheroni S, Imamizu H, et al. Consensus paper: the
cerebellum's role in movement and cognition. Cerebellum. 2014; 13:151–177. doi: 10.1007/s12311-
013-0511-x PMID: 23996631
3. Koziol LF, Budding DE, Chidekel D. Frommovement to thought: executive function, embodied cogni-
tion, and the cerebellum. Cerebellum. 2012; 11:505–525. doi: 10.1007/s12311-011-0321-y PMID:
22068584
4. Schmahmann JD, Pandya DN. Disconnection syndromes of basal ganglia, thalamus, and cerebrocere-
bellar systems. Cortex. 2008; 44:1037–1066. doi: 10.1016/j.cortex.2008.04.004 PMID: 18614161
5. Middleton FA, Strick PL. Cerebellar projections to the prefrontal cortex of the primate. J Neurosci. 2001;
21:700–712. PMID: 11160449
6. Smaers JB, Steele J, Zilles K. Modeling the evolution of cortico-cerebellar systems in primates. Ann N
Y Acad Sci. 2011; 1225:176–190. doi: 10.1111/j.1749-6632.2011.06003.x PMID: 21535004
7. Stoodley CJ. The cerebellum and cognition: evidence from functional imaging studies. Cerebellum.
2012; 11:352–365. doi: 10.1007/s12311-011-0260-7 PMID: 21373864
8. Marien P, Ackermann H, Adamaszek M, Barwood CH, Beaton A, Desmond J, et al. Consensus paper:
Language and the cerebellum: an ongoing enigma. Cerebellum. 2014; 13:386–410. doi: 10.1007/
s12311-013-0540-5 PMID: 24318484
9. Menon V, Rivera SM,White CD, Glover GH, Reiss AL. Dissociating prefrontal and parietal cortex acti-
vation during arithmetic processing. Neuroimage. 2000; 12:357–365. PMID: 10988030
10. Schmahmann JD, Sherman JC. The cerebellar cognitive affective syndrome. Brain. 1998; 121 (Pt
4):561–579. PMID: 9577385
11. Stoodley CJ, Schmahmann JD. Evidence for topographic organization in the cerebellum of motor con-
trol versus cognitive and affective processing. Cortex. 2010; 46:831–844. doi: 10.1016/j.cortex.2009.
11.008 PMID: 20152963
12. Nolte J. The human brain: an introduction to its functional anatomy. St. Louis, MO: Mosby; 2002.
13. Fernandez-Carvajal I, Walichiewicz P, Xiaosen X, Pan R, Hagerman PJ, Tassone F. Screening for
expanded alleles of the FMR1 gene in blood spots from newborn males in a Spanish population. J Mol
Diagn. 2009; 11:324–329. doi: 10.2353/jmoldx.2009.080173 PMID: 19460941
14. Briand LA, Gritton H, HoweWM, Young DA, Sarter M. Modulators in concert for cognition: modulator
interactions in the prefrontal cortex. Prog Neurobiol. 2007; 83:69–91. PMID: 17681661
15. Hurley RA, Flashman LA, Chow TW, Taber KH. The brainstem: anatomy, assessment, and clinical syn-
dromes. J Neuropsychiatry Clin Neurosci. 2010; 22:iv, 1–7.
16. Garrard P, Bradshaw D, Jager HR, Thompson AJ, Losseff N, Playford D. Cognitive dysfunction after
isolated brain stem insult. An underdiagnosed cause of long term morbidity. J Neurol Neurosurg Psy-
chiatry. 2002; 73:191–194. PMID: 12122182
17. van Zandvoort M, de Haan E, van Gijn J, Kappelle LJ. Cognitive functioning in patients with a small
infarct in the brainstem. J Int Neuropsychol Soc. 2003; 9:490–494. PMID: 12666773
18. Bernard JA, Seidler RD. Moving forward: age effects on the cerebellum underlie cognitive and motor
declines. Neurosci Biobehav Rev. 2014; 42:193–207. doi: 10.1016/j.neubiorev.2014.02.011 PMID:
24594194
19. Douaud G, Groves AR, Tamnes CK, Westlye LT, Duff EP, Engvig A, et al. A common brain network
links development, aging, and vulnerability to disease. Proc Natl Acad Sci U S A. 2014; 111:17648–
17653. doi: 10.1073/pnas.1410378111 PMID: 25422429
20. Rogers TD, McKimm E, Dickson PE, Goldowitz D, Blaha CD, Mittleman G. Is autism a disease of the
cerebellum? An integration of clinical and pre-clinical research. Front Syst Neurosci. 2013; 7:15. doi:
10.3389/fnsys.2013.00015 PMID: 23717269
21. Despotovic I, Goossens B, Philips W. MRI Segmentation of the Human Brain: Challenges, Methods,
and Applications. Comput Math Methods Med. 2015; 2015:450341. doi: 10.1155/2015/450341 PMID:
25945121
22. Bogovic JA, Jedynak B, Rigg R, Du A, Landman BA, Prince JL, et al. Approaching expert results using
a hierarchical cerebellum parcellation protocol for multiple inexpert human raters. Neuroimage. 2013;
64:616–629. doi: 10.1016/j.neuroimage.2012.08.075 PMID: 22975160
23. Pierson R, Corson PW, Sears LL, Alicata D, Magnotta V, Oleary D, et al. Manual and semiautomated
measurement of cerebellar subregions on MR images. Neuroimage. 2002; 17:61–76. PMID: 12482068
24. Cabezas M, Oliver A, Llado X, Freixenet J, Cuadra MB. A review of atlas-based segmentation for mag-
netic resonance brain images. Comput Methods Programs Biomed. 2011; 104:e158–177. doi: 10.
1016/j.cmpb.2011.07.015 PMID: 21871688
Segmentation of the Cerebellum and Brainstem
PLOSONE | DOI:10.1371/journal.pone.0156123 May 23, 2016 13 / 15
25. Fischl B, Salat DH, Busa E, Albert M, Dieterich M, Haselgrove C, et al. Whole brain segmentation: auto-
mated labeling of neuroanatomical structures in the human brain. Neuron. 2002; 33:341–355. PMID:
11832223
26. Avants BB, Tustison NJ, Wu J, Cook PA, Gee JC. An open source multivariate framework for n-tissue
segmentation with evaluation on public data. Neuroinformatics. 2011; 9:381–400. doi: 10.1007/
s12021-011-9109-y PMID: 21373993
27. Diedrichsen J, Balsters JH, Flavell J, Cussans E, Ramnani N. A probabilistic MR atlas of the human
cerebellum. Neuroimage. 2009; 46:39–46. doi: 10.1016/j.neuroimage.2009.01.045 PMID: 19457380
28. Park MT, Pipitone J, Baer LH, Winterburn JL, Shah Y, Chavez S, et al. Derivation of high-resolution
MRI atlases of the human cerebellum at 3T and segmentation using multiple automatically generated
templates. Neuroimage. 2014; 95:217–231. doi: 10.1016/j.neuroimage.2014.03.037 PMID: 24657354
29. Wang H, Suh JW, Das SR, Pluta JB, Craige C, Yushkevich PA. Multi-Atlas Segmentation with Joint
Label Fusion. IEEE Trans Pattern Anal Mach Intell. 2013; 35:611–623. doi: 10.1109/TPAMI.2012.143
PMID: 22732662
30. Patenaude B, Smith SM, Kennedy DN, Jenkinson M. A Bayesian model of shape and appearance for
subcortical brain segmentation. Neuroimage. 2011; 56:907–922. doi: 10.1016/j.neuroimage.2011.02.
046 PMID: 21352927
31. Wang H, Das SR, Suh JW, Altinay M, Pluta J, Craige C, et al. A learning-based wrapper method to cor-
rect systematic errors in automatic image segmentation: consistently improved performance in hippo-
campus, cortex and brain segmentation. Neuroimage. 2011; 55:968–985. doi: 10.1016/j.neuroimage.
2011.01.006 PMID: 21237273
32. Wang H, Yushkevich PA. Multi-atlas segmentation with joint label fusion and corrective learning-an
open source implementation. Front Neuroinform. 2013; 7:27. doi: 10.3389/fninf.2013.00027 PMID:
24319427
33. Freund Y, Schapire YF. A decision-theoretic generalization of on-line learning and an application to
boosting. J Comput System Sci. 1997; 55:119–139.
34. Dale AM, Fischl B, Sereno MI. Cortical surface-based analysis. I. Segmentation and surface recon-
struction. Neuroimage. 1999; 9:179–194. PMID: 9931268
35. Fischl B, Sereno MI, Dale AM. Cortical surface-based analysis. II: Inflation, flattening, and a surface-
based coordinate system. Neuroimage. 1999; 9:195–207. PMID: 9931269
36. Fischl B, Sereno MI, Tootell RB, Dale AM. High-resolution intersubject averaging and a coordinate sys-
tem for the cortical surface. Hum Brain Mapp. 1999; 8:272–284. PMID: 10619420
37. Desikan RS, Segonne F, Fischl B, Quinn BT, Dickerson BC, Blacker D, et al. An automated labeling
system for subdividing the human cerebral cortex on MRI scans into gyral based regions of interest.
Neuroimage. 2006; 31:968–980. PMID: 16530430
38. Weier K, Beck A, Magon S, AmannM, Naegelin Y, Penner IK, et al. Evaluation of a new approach for
semi-automatic segmentation of the cerebellum in patients with multiple sclerosis. J Neurol. 2012;
259:2673–2680. doi: 10.1007/s00415-012-6569-4 PMID: 22711160
39. Hwang J, Kim J, Han Y, Park H. An automatic cerebellum extraction method in T1-weighted brain MR
images using an active contour model with a shape prior. Magn Reson Imaging. 2011; 29:1014–1022.
doi: 10.1016/j.mri.2011.01.005 PMID: 21616622
40. Hagerman R, Hagerman P. Advances in clinical and molecular understanding of the FMR1 premutation
and fragile X-associated tremor/ataxia syndrome. Lancet Neurol. 2013; 12:786–798. doi: 10.1016/
S1474-4422(13)70125-X PMID: 23867198
41. Devys D, Lutz Y, Rouyer N, Bellocq JP, Mandel JL. The FMR-1 protein is cytoplasmic, most abundant
in neurons and appears normal in carriers of a fragile X premutation. Nat Genet. 1993; 4:335–340.
PMID: 8401578
42. Hagerman RJ, Leehey M, HeinrichsW, Tassone F, Wilson R, Hills J, et al. Intention tremor, parkinson-
ism, and generalized brain atrophy in male carriers of fragile X. Neurology. 2001; 57:127–130. PMID:
11445641
43. Hagerman PJ, Hagerman RJ. Fragile X-associated tremor/ataxia syndrome. Ann N Y Acad Sci. 2015;
1338:58–70. doi: 10.1111/nyas.12693 PMID: 25622649
44. Greco CM, Berman RF, Martin RM, Tassone F, Schwartz PH, Chang A, et al. Neuropathology of fragile
X-associated tremor/ataxia syndrome (FXTAS). Brain. 2006; 129:243–255. PMID: 16332642
45. Greco CM, Hagerman RJ, Tassone F, Chudley AE, Del Bigio MR, Jacquemont S, et al. Neuronal intra-
nuclear inclusions in a new cerebellar tremor/ataxia syndrome among fragile X carriers. Brain. 2002;
125:1760–1771. PMID: 12135967
Segmentation of the Cerebellum and Brainstem
PLOSONE | DOI:10.1371/journal.pone.0156123 May 23, 2016 14 / 15
46. Brunberg JA, Jacquemont S, Hagerman RJ, Berry-Kravis EM, Grigsby J, Leehey MA, et al. Fragile X
premutation carriers: characteristic MR imaging findings of adult male patients with progressive cere-
bellar and cognitive dysfunction. AJNR Am J Neuroradiol. 2002; 23:1757–1766. PMID: 12427636
47. Hashimoto R, Javan AK, Tassone F, Hagerman RJ, Rivera SM. A voxel-based morphometry study of
grey matter loss in fragile X-associated tremor/ataxia syndrome. Brain. 2011; 134:863–878. doi: 10.
1093/brain/awq368 PMID: 21354978
48. Wang JY, Hessl D, Schneider A, Tassone F, Hagerman RJ, Rivera SM. Fragile X-associated tremor/
ataxia syndrome: influence of the FMR1 gene on motor fiber tracts in males with normal and premuta-
tion alleles. JAMA Neurol. 2013; 70:1022–1029. doi: 10.1001/jamaneurol.2013.2934 PMID: 23753897
49. Hashimoto R, Srivastava S, Tassone F, Hagerman RJ, Rivera SM. Diffusion tensor imaging in male
premutation carriers of the fragile X mental retardation gene. Mov Disord. 2011; 26:1329–1336. doi: 10.
1002/mds.23646 PMID: 21484870
50. Wang JY, Hessl DH, Hagerman RJ, Tassone F, Rivera SM. Age-dependent structural connectivity
effects in fragile x premutation. Arch Neurol. 2012; 69:482–489. doi: 10.1001/archneurol.2011.2023
PMID: 22491193
51. Yushkevich PA, Piven J, Hazlett HC, Smith RG, Ho S, Gee JC, et al. User-guided 3D active contour
segmentation of anatomical structures: significantly improved efficiency and reliability. Neuroimage.
2006; 31:1116–1128. PMID: 16545965
52. Iglesias JE, Van Leemput K, Bhatt P, Casillas C, Dutt S, Schuff N, et al. Bayesian segmentation of
brainstem structures in MRI. Neuroimage. 2015; 113:184–195. doi: 10.1016/j.neuroimage.2015.02.065
PMID: 25776214
53. Nigro S, Cerasa A, Zito G, Perrotta P, Chiaravalloti F, Donzuso G, et al. Fully automated segmentation
of the pons and midbrain using human T1 MR brain images. PLoS One. 2014; 9:e85618. doi: 10.1371/
journal.pone.0085618 PMID: 24489664
54. Hanson JL, Suh JW, Nacewicz BM, Sutterer MJ, Cayo AA, Stodola DE, et al. Robust Automated Amyg-
dala Segmentation via Multi-Atlas Diffeomorphic Registration. Front Neurosci. 2012; 6:166. doi: 10.
3389/fnins.2012.00166 PMID: 23226114
55. Hunsaker MR, Amaral DG. A semi-automated pipeline for the segmentation of rhesus macaque hippo-
campus: validation across a wide age range. PLoS One. 2014; 9:e89456. doi: 10.1371/journal.pone.
0089456 PMID: 24586791
56. Prasad G, Joshi AA, Feng A, Toga AW, Thompson PM, Terzopoulos D. Skull-stripping with machine
learning deformable organisms. J Neurosci Methods. 2014; 236:114–124. doi: 10.1016/j.jneumeth.
2014.07.023 PMID: 25124851
57. Lee JK, Nordahl CW, Amaral DG, Lee A, Solomon M, Ghetti S. Assessing hippocampal development
and language in early childhood: Evidence from a new application of the Automatic Segmentation
Adapter Tool. Hum Brain Mapp. 2015.
58. Morey RA, Petty CM, Xu Y, Hayes JP, Wagner HR 2nd, Lewis DV, et al. A comparison of automated
segmentation and manual tracing for quantifying hippocampal and amygdala volumes. Neuroimage.
2009; 45:855–866. doi: 10.1016/j.neuroimage.2008.12.033 PMID: 19162198
59. Mulder ER, de Jong RA, Knol DL, van Schijndel RA, Cover KS, Visser PJ, et al. Hippocampal volume
change measurement: quantitative assessment of the reproducibility of expert manual outlining and the
automated methods FreeSurfer and FIRST. Neuroimage. 2014; 92:169–181. doi: 10.1016/j.
neuroimage.2014.01.058 PMID: 24521851
60. Sanchez-Benavides G, Gomez-Anson B, Sainz A, Vives Y, Delfino M, Pena-Casanova J. Manual vali-
dation of FreeSurfer's automated hippocampal segmentation in normal aging, mild cognitive
impairment, and Alzheimer Disease subjects. Psychiatry Res. 2010; 181:219–225. doi: 10.1016/j.
pscychresns.2009.10.011 PMID: 20153146
61. Price M, Cardenas VA, Fein G. Automated MRI cerebellar size measurements using active appearance
modeling. Neuroimage. 2014; 103:511–521. doi: 10.1016/j.neuroimage.2014.08.047 PMID: 25192657
62. Bogovic JA, Bazin PL, Ying SH, Prince JL. Automated segmentation of the cerebellar lobules using bound-
ary specific classification and evolution. Inf Process Med Imaging. 2013; 23:62–73. PMID: 24683958
63. Heckemann RA, Hajnal JV, Aljabar P, Rueckert D, Hammers A. Automatic anatomical brain MRI seg-
mentation combining label propagation and decision fusion. Neuroimage. 2006; 33:115–126. PMID:
16860573
64. Bazin PL, Pham DL. Homeomorphic brain image segmentation with topological and statistical atlases.
Med Image Anal. 2008; 12:616–625. doi: 10.1016/j.media.2008.06.008 PMID: 18640069
65. Tustison NJ, Avants BB, Cook PA, Zheng Y, Egan A, Yushkevich PA, et al. N4ITK: improved N3 bias
correction. IEEE Trans Med Imaging. 2010; 29:1310–1320. doi: 10.1109/TMI.2010.2046908 PMID:
20378467
Segmentation of the Cerebellum and Brainstem
PLOSONE | DOI:10.1371/journal.pone.0156123 May 23, 2016 15 / 15
